This paper considers the stochastic version of the location-routing problem (SLRP) in which transportation cost and vehicle travel speeds are both stochastic. A hybrid solution procedure based on Ant Colony Optimization (ACO) and Discrete-Event Simulation (DES) is proposed. After using a sequential heuristic algorithm to solve the location subproblem, ACO is employed to solve the corresponding vehicle routing problem. DES is finally used to evaluate such vehicle routes in terms of their impact on the expected total costs of location and transport to customers. The approach is tested using random-generated data sets. because there are no previous works in literature that considers the same stochastic location-routing problem, the procedure is compared against the deterministic version of the problem. Results show that the proposed approach is very efficient and effective.
In this paper, we consider an integrated supply chain design and operation problem concerned with facility location and vehicle routing decision-making. The problem is known in the literature as the Location-Routing Problem (LRP). The LRP is also viewed in the scientific literature as a research area within Location Theory, with the distinguishing property of paying special attention to underlying issues of vehicle routing (Nagy and Salhi 2007) . The LRP is more complex than the traditional facility location problem (FLP) and more complex than the vehicle routing problem (VRP). The LRP hence belongs to the class of NP-hard problems, which means that it is not possible to find optimal solutions for large-sized instances in a reasonable computational time.
As explained in the next section, most of research works related to LRP studies the deterministic version. However, practitioners have to deal in fact with uncertainties real-life situations. This paper considers the stochastic location-routing problem (SLRP) in which transportation costs and vehicle travel speeds are both stochastic. To the best of our knowledge, this is the first time in literature that these stochastic characteristics are considered in SLRP. Because of its NP-completeness, a heuristic solution procedure is proposed. It is a hybrid structure based on sequential selection of depot locations, Ant Colony Optimization for vehicle routing and Discrete-Event Simulation to evaluate the system's stochastic behaviour.
The rest of this paper is organised as follows. Section 2 gives more insights about the problem under study and presents an overview of solution procedures existing in the literature. Section 3 is devoted to describe the proposed solution approach based on optimization and discrete-event simulation. Simulation experiments using random data is presented in Section 4. The paper ends in Section 5 by presenting some concluding remarks and opportunities for further research.
THE (STOCHASTIC) LOCATION-ROUTING PROBLEM

Problem Statement
Formally speaking, The LRP consists on both determining the locations of a set of depots from several candidates and finding the optimal set of vehicle routes (Srivastava 1993; Tuzun and Burke 1999; Tai, Low, and Bai 2002) , as shown in Figure 1 . LRP hence consists of two sub-problems: a location-allocation problem (LAP) and a vehicle routing problem (VRP) (Tai, Low, and Bai 2002) . The former consists on choosing the best locations for depots from a given set of candidate sites in order to minimise the sum of the depot opening cost and the cost of assigning customers to the depots. The latter aims at determining the optimal delivery routes from a given depot to some geographically dispersed customers (Lui and Lee 2003) . 
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It is well known that facility location and vehicle routing are two interrelated problems. As a matter of fact, practitioners are very often concerned by making suboptimal decisions when depot location and vehicle routing decisions are made separately. Salhi and Nagy (2007) list three possible reasons that allow both academics and practitioners to often ignore this interrelation:
1. There are many practical situations when location problems do not have a routing issue. In these cases, the location-routing approach is clearly not an appropriate one. 2. Some researchers object to location-routing on the basis of a perceived inconsistency. They point out that location is a strategic, while routing is a tactical or even operational problem: routes can be re-calculated and re-drawn frequently (even daily), depot locations are normally for a much longer period. Thus, they claim that it is inappropriate to combine location and routing in the same planning framework due to their different planning horizons. This criticism led the authors to investigate this issue: it was found that the use of location-routing could decrease costs over a long planning horizon, within which routes are allowed to change (for a more detailed discussion on this issue, see Salhi and Nagy (1999) ). 3. The LRP is conceptually more difficult than the classical location problem.
Overview of Previous Solution Methods
Some researchers consider that the first work published in the scientific literature about location-routing is that of Maranzana (1964) , although strictly speaking it incorporates shortest-path, rather than vehiclerouting, problems into a location problem (Nagy and Salhi 2007) . The location-routing problem (LRP) has received relatively little attention from researchers. State of the art surveys are presented by Balakrishnan, Ward, and Wong (1987) , Laporte (1988 Laporte ( , 1989 , Berman, Jaillet, and Simchi-Levi (1995) , Min, Jayaraman, and Srivastava (1998) , and Nagy and Salhi (2007) . Research has moved on considerably since these works. Most of the research has focused on the deterministic version. Nagy and Salhi (2007) classifies the different solution heuristic methodologies for the (deterministic) LRP as sequential procedures, clustering-based, iterative and hierarchical. Sequential methods first solve the location problem and then the routing problem. This concept does not allow iterative interaction between both solutions. Srivastava and Benton (1990) claim that these procedures can give very good solutions and can be used as benchmarks for other heuristics. Clustering-based methods begin by partitioning the customer set into clusters: one cluster per potential depot or one per vehicle route. Then, they may proceed in two different ways: (a) by locating a depot in each cluster and then solving a VRP (or TSP) for each cluster; or (b) by solving a TSP for each cluster and then locating the depots. Iterative heuristics decompose the problem into its two constituent subproblems. Then, the methods iteratively solve the subproblems, feeding information from one phase to the other. Finally, hierarchical heuristics are algorithms where the main algorithm is devoted to solve the location problem and refers in each step to a subroutine that solves the routing problem.
Regarding the stochastic location-routing problem (SLRP), although taking uncertainty into account presents additional difficulties, there are a large number of papers of the stochastic LRP (Nagy and Salhi 2005) . Most of these consider the special case of one depot and one vehicle (known as the travelling salesman location problem). We also note that most papers consider customer demand as the single input subject to stochastic variation. Our literature review revelled that about only 30% of works present an exact solution approach, while about 70% of published works propose an approximate algorithm. Among exact procedures for SLRP, we found multi-stage stochastic programming, linear programming models, and branch-and-bound algorithms. Among the set of currently available meta-heuristic procedures, the most employed have been Simulated Annealing, Genetics Algorithms, Tabu Search, Randomized Extended Clarke & Wright Algorithm (RECWA) and Particle Swarm Optimization.
Contribution of this Paper
It is to note, in the first instance, that among the solution procedures, Ant Colony Optimization has not been extensively used to solve stochastic location-routing problems. In addition, Discrete-Event Simulation can be regarded as a powerful tool to deal with some stochastic behaviour in SLRPs that is not easy to formalise into a complex meta-heuristic algorithm. Our approach intends to couple these two approaches to solve the SLRP with stochastic transportation costs and stochastic vehicle travel speed.
SOLUTION APPROACH
Because of the computational complexity of the stochastic location-routing problema (SLRP), this paper proposes an approximate solution based on solving two subproblems (see Figure 2 ). In the first instance, the problem of locating vehicle distribution centres (depots.) is solved. This is done through a sequential analysis of the impact of the location decision on both the vehicle routing (second phase of the procedure) and on the expected routing cost (third phase of the procedure). In the second phase, the routing problem is solved, that is the sequence to visit the clients is determined. The model employed here is the Capacitated Vehicle Routing Problem (CVRP). In the third phase, a discrete-event simulation model is built.
Here, all stochastic elements are taken into account (transportation costs, vehicle speed, etc.). The final solution is obtained by comparing the performance of each location decision (found in the first phase) together with the sequence of visiting clients (found in the second phase). 
Depot Location Problem
The problem of determining the location of vehicle depot is solved using a random selection strategy. The selected depot is then considered as an input for the next steps of the procedures. For example, if there are five possible locations, one depot is first selected to solve the vehicle routing (second phase) and the computation of expected total transportation cost using simulation (third phase in the procedure). Them a second depot is randomly selected, and so on. Hence, as for this example, there will be five different evaluations of system performance using each of the possible depots at a time.
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Sequencing Problem: Solving the Vehicle Routing Problem
The problem of determining the order in which clients are to be visited by the vehicles is modelled as a capacitated Vehicle Routing Problem (CVRP). The CVRP can be represented using a directed graph G=(A, V), where V = {0, 1, …, n} represents the set of nodes (clients) and A is the set of arcs connecting nodes. There is also a set M = {0, 1, …, m} of vehicles located at the initial time at the depot. In a CVPR, the depot is denoted as node j = 0, and clients are nodes j = 1, 2,…, n, each one with a demand d j > 0. The set of arcs represents a possible route between nodes i and j. Each arc has a weight representing the cost from going from node i to node j, denoted as C ij > 0. If C ij = C ji then the CVRP is known to be symmetric, otherwise, it is asymmetric. From the computational complexity standpoint, the CVRP is known to be a NP-hard problem, which means that is not possible to find optimal solutions for large-sized instances in a reasonable computational time. Because of this complexity, most of realistic problem instances have been solved using approximate algorithms, that is heuristics and meta-heuristics procedures.
For the purpose of this research an Ant Colony Optimization (ACO) algorithm is designed (Dorigo and Gambardella 1997; Bell and Griffis 2010). ACO algorithm emulates the behaviour of real ants when going from their nest to a source of food. ACO algorithms have been extensively designed to solve different types of vehicle routing problems. A pheromone trail is produce by each ant on its search of food, allowing the other ants to know which path is the shortest one to attain the objective. Pheromone evaporates over time, meaning that such paths are less interesting to ants in their search of food.
For the design of the ACO algorithm for the problem under study (see Figure 3) , each ant represents a vehicle that builds its distribution route from the list of possible nodes (clients) to visit. Selection of clients is made until the vehicle capacity is not violated. Clients are assigned to vehicles giving priority to those routes with best balance between pheromone level and distance. The algorithm allows a random assignment of clients in order to avoid local optima. The selection criterion is determined using the wellknown formula presented by Dorigo and Gambardella (1997):
, as soon as a random number q is lower than a parameter q 0 allowing a random behaviour of the ant. ij  measures the level of pheromone on an arc and ij d is the distance between nodes i and j. In the equation, the higher the value of parameter , the lower the importance of distance and hence the higher the importance of the pheromone trail. In the cases in which q is higher than q 0 , then the next client is chosen by introduction a random number s. Local and global update of pheromone trail after selecting the current route is done by simulating the evaporation of pheromone using Equations (1) and (2):
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where τ 0 is an initial value of pheromone trail and α is the level of evaporation. The first update is applied to all arcs while the second is only applied to those arc belonging to the best route found. L is the best distance found.
In order to set up the parameters of ACO algorithm, we used the same values defined by Bell and Griffis (2010) . Such values are α=0.1, β=2.3 y q 0 =0.9. Small instances were run in order to validate the algorithm behaviour. We found optimal values for the sets of "Solomon Instances" with 5 and 10 clients. We also carried out preliminary runs with a set of ten instances presented by Bell and Griffis (2010) in which 20 clients are to be served and vehicles have a total capacity of 100 demand units. Table 1 presents a summary of best solutions available up to date, as well as the ones given by ACO and those obtained using the well-known Cost-Savings Algorithm. It is to note that the higher computational time of the proposed ACO algorithm is about 8.81 seconds, while the average execution time over all instances is 7 seconds. Finalmente se tienen resultados aceptables con una desviación que oscila alrededor del 7% considerando que el algoritmo presentado no incluye una fase de mejoramiento de las mejores rutas encontradas. 
Computing the Expected Routing Cost
The total transportation cost is computed using a discrete-event simulation model in order to incorporate stochasticity regarding vehicle speed and transportation costs. The model was built using the commercial software ARENA®. Figure 4 presents the logical structure of the simulation model. 
EXPERIMENTS
Computational experiments were carried out using a total of 40 random-generated instances. These instances have 5, 10, 20 or 50 clients and a total of 5 possible locations for depots. For each combination and number of possible depots, a total of 10 different instances were generated. Vehicle capacity was fixed to be 200 demand units. Demands were modelled using a uniform distribution between 1 and 50 units. Vehicle speed is modelled using a normal distribution with mean 60 km per hour and standard deviation 7 km per hour. These instances were run on a PC Intel(R) Core(TM) i7 -2670QM CPU @ 2.20GHz, with 8.00 GB of RAM and Windows 7 Home Premium operating system. For the design of experiments, both a deterministic and a stochastic version of the problem were run. For the latter, a total of 10 replications were run. A summary of results over the complete set of instances in presented in Tables 2 and 3. Table 2 presents the average values of the percentage deviation of the stochastic cost of route against the cost if the problem were deterministic. This deviation is computed using Equation (3):
Cells in gray corresponds to the lowest expected total cost obtained using simulation among the five different depot locations (that is, solution of the stochastic LRP). The actual values of this costs are presented in Table 3 . In Table 2 we present the total expected cost percentage of deviation for each specific solution, generated to solve the stochastic LRP in each instance, as we highlight in every case the selected central depot (the one with the smaller expected cost). For example, in instance I1-5 which presents a problem with 5 nodes, the central depot that presented the best performance was the number 4, in turn, the one with best performance in instance I1-10 was depot number 5 and so forth. We found that in about 30% of the cases the central depot with the best performance was also the one with the smaller percentage of deviation of the stochastic problem regarding the deterministic version. Among the others central depots that presented the bests performances we found similar percentages of deviation as well as values very closed to the smaller one. Some exceptional cases were also found such as the solution to instance I3-20 where although the greater percentage of deviation of central depot 4 it presented the smaller expected cost. The experiments reveal that considering the stochastic behaviour of location and routing problems generates mean deviations from 0,5% to 7% in the overall cost of the operation over not considering stochastic parameters existing among this kind of problems, i.e., when deterministic solutions are considered to solve the problem. Such deviations are quite significant taking into account that transport costs represent a notable expense for companies in their distribution operations. Thus, not considering those aspects could result in a poor estimation of costs which together with a poor estimation of delivery times could generate low service levels and quality deficiencies. Table 3 presents the summary of expected costs for each specific solution generated to solve each instance. A total of 10 replications for each solution generated to every specific depot were run to ensure a level of confidence of 95% with a mean error that in most of the cases was 1% in average. It was found that the larger the instance solved the greater the difference between the costs of the solutions for each depot, namely, larger number of nodes correspond to major differences in costs among the five central depots evaluated. Differences between the solution from the central depot with the smaller overall expected cost and the one with higher overall expected cost of 10 up to 45% were observed corresponding greater average differences to instances with larger number of nodes. Results reveal that, as is well known, a miscalculation in a strategic decision making, such as a central depot location decision imply a substantial raise in the overall cost of the operation. Hence, regarding stochastic aspects of such problems would have a greater impact in the expected performance of the different potential locations. Therefore we highlight that modelling location decisions regarding the performance of routing operations, together with stochastic aspects of such kind of problems, could produce better estimations of costs and resources associated which results in improvements in quality and service levels as well as significant savings in distribution operations. 
CONCLUSIONS AND PERSPECTIVES
This paper presented a sequential approximation algorithm to solve the stochastic location-routing problem (SLRP). The proposed procedure employs Ant Colony Optimization (ACO) algorithm to solve the sequencing problem for visit clients in the distribution network. Then, the routing solution is used as input in a simulation model that is able to use stochastic data related to transportation costs and vehicle speed. Hence, the expected total transportation cost is computed. The final location decision is made by comparing all expected costs. Experiments were carried out using random-generated data. Results showed the benefits that can be achieved using this approach. For further works, we plan to continue this research in two main directions. In the first instance, we will compare the performance of this hybrid ACO-Simulation approach with an exact method, especially regarding the routing decision level. In a second step, our research will solve a real-life distribution problem for a Colombian company that transport hazardous material. This last further research line is extremely relevant as the work presented here focused mainly on the approach to solve a relevant stochastic problem in transportation, rather than exploiting the algorithms in a commercial tool. The industrial application will allow us to validate this approach in a realistic context and hence aid in the future design of a decision-support tool based on simulation-optimization.
